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Figure 1. Overall framework. (1) A renderer-based agent produces a coarse geometric layout, camera trajectory, and a High Dynamic
Range (HDR) environment map. (2) Physically-based rendering generates a lighting-grounded scene proxy containing diffuse, rough,
and glossy materials with shading signals. (3) These physical cues are injected into a video diffusion model to synthesize photorealistic

sequences with accurate lighting behavior, faithful scene layout, and precisely aligned camera trajectory.

Abstract

Diffusion models have achieved remarkable progress in
video generation, but their controllability remains a major
limitation. Key scene factors such as layout, lighting, and
camera trajectory are often entangled or only weakly mod-
eled, restricting their applicability in domains like filmmak-
ing and virtual production where explicit scene control is
essential. We present LiVER, a diffusion-based framework
for scene-controllable video generation. To achieve this,
we introduce a novel framework that conditions video syn-
thesis on explicit 3D scene properties, supported by a new
large-scale dataset with dense annotations of object layout,
lighting, and camera parameters. Our method disentangles
these properties by rendering control signals from a uni-
fied 3D representation. We propose a lightweight condition-
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ing module and a progressive training strategy to integrate
these signals into a foundational video diffusion model, en-
suring stable convergence and high fidelity. Our framework
enables a wide range of applications, including image-to-
video and video-to-video synthesis where the underlying 3D
scene is fully editable. To further enhance usability, we de-
velop a scene agent that automatically translates high-level
user instructions into the required 3D control signals. Ex-
periments show that LiVER achieves state-of-the-art pho-
torealism and temporal consistency while enabling precise,
disentangled control over scene factors, setting a new stan-
dard for controllable video generation.

1. Introduction

Recent video generation models [4, 39, 47] have demon-
strated impressive visual quality, temporal consistency, and



diverse scenarios. Towards physically realistic video gen-
eration, researchers have paid great attention on data cura-
tion [12], prompt enhancement [50], and architecture im-
provement [53]. Despite these improvements, these data-
driven approaches still struggle to model complex physical
interactions (e.g., occlusion relationships between objects
in dynamic scenarios).

Introducing grounded references to explicitly model the
realistic world has proven to be effective at better control-
lability in motion [40], layout [21, 27], and camera [11,
13, 36]. Although these 3D-aware conditions can provide
a strong geometric foundation, existing works largely over-
look their potential for computing physically-accurate light-
ing (e.g., taking BRDF into consideration). Consequently,
mismatching lighting effects (e.g., shadows, reflections, and
ambient occlusion) are still produced in realistic material
representation (e.g., skin, metals, and glass) in generated
videos.

In this paper, we propose LiVER, a framework for
Lighting-grounded Video genERation with renderer-based
agent reasoning. As illustrated in Fig. 1, LiVER effec-
tively generates videos with diverse and physically realis-
tic lighting effects from text descriptions (e.g., soft day-
light). We first construct a renderer-based agent framework
to retrieve and generate scene lighting, layout, and camera
trajectory as a coarse scene representation to guide video
generation. Instead of directly adopting full 3D represen-
tations, we represent the scene using a stack of 2D render
passes (e.g., diffuse, glossy GGX, and rough GGX) gen-
erated by a 3D engine [8]. Formulated as stacked image
sequences, this proxy preserves physically realistic light-
ing cues from the 3D scene while providing the scene lay-
out information. Leveraging the generative priors of a pre-
trained text-to-video model (i.e., Wan2.2-5B [39]), we then
design a lightweight conditional encoder and adapter to
achieve this alignment and translate this proxy into the final
visually appealing video. Finally, to effectively optimize
for these lighting effects, we propose a three-stage training
scheme to enhance lighting diversity while preserving the
base model’s visual quality.

To facilitate model training and evaluation, we col-
lect and render the LiVERSet, a Lighting-grounded Video
genERation dataSet. This dataset comprises two comple-
mentary subsets: (i) a real-world subset LiVER-Real that
captures complex and realistic lighting phenomena and (ii)
a synthetic subset LiVER-Syn that features diverse and
controllable physically-based rendered lighting. We pro-
vide comprehensive annotations for both subsets, including
scene geometry, environment maps, camera poses, and text
descriptions. In total, LIVERSet contains over 11K videos
(81 frames each at 720 x 1280 resolution), split into 10K
for training and 1K for evaluation.

We summarize our contributions as follows:

* We propose a framework for lighting-grounded video
generation with physically realistic lighting effects, and
introduce a lighting-aware dataset with comprehensive
annotations for both real-world and synthetic videos.

* We construct a renderer-based agent to reason a structured
scene graph and render the lighting-aware scene proxy
and a lightweight encoder as well as adapter to effectively
align this proxy with the video latent space.

* We design a three-stage training scheme to improve light-
ing diversity and preserve visual quality. Extensive exper-
iments demonstrate our method achieves state-of-the-art
performance in physically-accurate lighting phenomena.

2. Related Work
2.1. Text-to-Video Generation

Recent years have witnessed remarkable progress in Text-
to-Video (T2V) generation, largely driven by the success of
diffusion models [15, 33]. Video foundation models [22, 39,
47] have demonstrated their ability to generate visually ap-
pealing and temporally coherent video clips from a single
text description. Based on this advancement, researchers
have paid attention to long video generation [17, 48] by
introducing causal reasoning, improved video controllabil-
ity by receiving multi-modal conditions [19, 20], and con-
structed multimodal datasets and benchmarks [18, 37] to
evaluate shortcomings and improve performance with cu-
rated data. However, most of these approaches are data-
driven, inherently struggling to model complex physical in-
teractions for scenarios with multiple instances. We propose
to model physical properties as explicit conditions to guide
the model follow underlying physical principles.

2.2. 3D-grounded Video Generation

A prominent direction for improving physical realism is to
ground the generation process in explicit 3D spatial infor-
mation.

Early efforts used 2D proxies to improve physical real-
ism. For instance, Boximator [42] and TrailBlazer [31] al-
low users to define bounding-box trajectories, while meth-
ods like Ctrl-V [30] and TrackDiffusion [24] condition gen-
eration on pre-defined object tracklets. MotionPrompt-
ing [11] employs sparse point trajectories to direct ob-
ject motion. Recent models have introduced direct trajec-
tory conditioning to model physical properties like cam-
era. CameraCtrl [13] uses a plug-in module for explicit
camera pose control, while Collaborative Video Diffusion
(CVD) [23] synchronizes views along different camera
paths using cross-video attention. MotionCtrl [45] provides
unified control of camera motion and object motion by con-
ditioning on camera poses and sparse object trajectories.
More integrated frameworks like CineMaster [44] combine
3D box and camera conditioning.
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Figure 2. Our data annotation pipeline for LIVER-Real. We process each video to reconstruct its 3D geometry and estimate its HDR
environment map. These are then used to render three pixel-aligned lighting representations (Diffuse, Glossy GGX, Rough GGX), which

are concatenated to form the final conditioning input.

While these methods introduce 3D-aware conditions to
provide a strong geometric foundation for video generation
and improve scene consistency, they largely still ignore the
physically-accurate lighting for generated videos, leading to
unrealistic artifacts. To fill in this gap, we propose to model
lighting as a unified part of physical properties.

2.3. Image and Video Relighting

Image and video relighting task aims to modify the illu-
mination conditions of a scene after it has been captured,
by extracting and understanding explicit lighting represen-
tations [5, 6, 32, 51].

DiLightNet [49] augments image diffusion models with
explicit radiance hints for detailed lighting edits. GenLit [3]
reframes single-image relighting as a video diffusion task,
achieving realistic results. For video, Light-A-Video [54]
uses a training-free fusion pipeline for relighting, while
LumiSculpt [52] introduces a plug-in network to control
light properties and motion. However, they often entangle
the lighting with other physical properties like camera and
scene layout.

Inspired by these works, we design our LiVER model to
integrate lighting as the primary condition, rendered from
the 3D scene proxy to generate general videos with physi-
cally accurate lighting while preserving controllability over
scene layout and camera.

3. Dataset

We now describe the proposed LiVERSet in detail. The
dataset contains two complementary components: (i)
LiVER-Real contains real videos exhibiting complex, nat-
urally occurring lighting together with detailed physical an-
notations. (ii) LIVER-Syn is a physically based rendered
collection with dynamic illumination, providing broader
lighting variability than what is captured in the real data.
For both subsets, we derive a unified scene proxy as the
primary control condition for video generation, paired with

text descriptions to provide semantic guidance.

LiVER-Real Video Annotation. Existing real-world
videos 2°®! lack the explicit physical annotations required
for precise lighting control. Therefore, we develop an an-
notation pipeline to reconstruct a dynamic 3D scene and
global lighting from video, as shown in Fig. 2. We first
estimate per-frame camera poses ¢ using VGGT [43],
and extract only the first-frame depth map from the same
model, complemented by an initial-frame object segmen-
tation from Grounding-DINO [28] and SAM 2 [35]. This
combination allows us to lift the 2D segmented objects into
a coarse 3D scene mesh s™#. For lighting modeling, we
employ DiffusionLight-Turbo [7] to estimate a single HDR
environment map, which serves as a robust approximation
of the scene’s global lighting representation /*¢2!,

LiVER-Syn Data Rendering. To supplement the di-
verse lighting phenomena limited in real-world data and
to learn fine-grained control, we construct a complemen-
tary synthetic dataset. We first carefully curate a subset of
Objaverse-XL [9] to include high-quality PBR materials. A
3D scene s°™ is then procedurally generated by randomly
sampling several objects from this subset. To ensure the di-
verse lighting representation [°Y", we illuminate scenes us-
ing a diverse set of HDR environment maps from the Poly
Haven [1] library. We then introduce dynamic effects by
rotating the HDR environment map over the video’s dura-
tion horizontally around the scene’s vertical axis (i.e., yaw
rotation). The total rotation angle for each clip is sampled
uniformly from the range [180°,240°] to ensure a visually
significant change in lighting direction (e.g., sun moves to
the opposite side of the scene). By procedurally moving
the camera position ¢, we render the final photorealistic
target video %"

Scene Proxy Construction. The scene proxy is de-
signed to provide realistic lighting cues by decomposing
the scene’s complex illumination into fundamental light-
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Figure 3. Pipeline of LiVER. Given a text prompt 7', our Scene Agent parses object categories, spatial relations, and coarse geometry to
construct an initial 3D scene. The Camera Agent infers a camera trajectory consistent with the described viewpoint and scene semantics,
producing the camera condition C'. The 3D scene is then rendered through a physically-based renderer to obtain the lighting-grounded
scene proxy, including diffuse, glossy GGX, and rough GGX components, forming the scene condition Xcond. These components encode
physically meaningful cues such as material response, shading, and reflections. The Lighting condition L, represented by an environment
map, provides global illumination cues. The DiT-based video diffusion model integrates all conditions Xcond, C', L and generates a
photorealistic video that preserves the scene layout, camera trajectory, and physically accurate lighting behavior.

ing components and providing scene layout information.
For the two subsets, we use a physically-based renderer
(Blender [8] in our implementation) to render a scene proxy
y € REXIXHXW hased on the 3D scene mesh s?, lighting
representation /%, and camera trajectory c':

Y= [xDIFF,xGGX17JfGGX2] — R(Si,li’ Ci), (1)

where ¢ € {real,syn}, F' is the number of frames and R
is the renderer [8]. The scene proxy is a stack of 2D ren-
der passes, including the purely diffuse 2™, rough GGX
(high roughness) 255X1 | and glossy GGX (low roughness)
x9GX2 (o capture low-frequency ambient lighting, medium-
frequency broad reflections, and high-frequency specular
highlights, respectively.

Caption Annotation. To provide text descriptions to guide
the scene semantics, we use Qwen 2.5-VL [2] as the vision-
language model to generate a caption for each video clip.
Example prompts used for caption generation are detailed
in the supplementary material.

Dataset Statistics. Our final composite dataset comprises
approximately 11K video clips, split into a 10K training set
and a 1K evaluation set, both equally split between real-
world and synthetic data. Each video has a duration of 81
frames at a 720 x 1280 resolution.

4. Methodology

In this section, we present the details of our LiVER model.
We begin by introducing the renderer-based agent reason-
ing, which interprets a user-provided text description into an
explicit scene proxy (Sec. 4.1). We then detail the approach

to use this scene proxy to guide the lighting-grounded video
generation, which includes the task formulation, the scene
proxy encoder, and the adapter (Sec. 4.2). Finally, we
present the stage-wise training scheme designed to effec-
tively train these components, optimizing for proxy transla-
tion, lighting control, and lighting diversity (Sec. 4.3).

4.1. Renderer-based Agent Reasoning

To bridge high-level user intent with structured lighting
control, we design an intelligent renderer-based agent to
translate text descriptions into the scene proxy. As shown in
Fig. 3, this process involves three components: scene build-
ing, lighting setup, and camera planning.

Scene Building. Given a text description, the agent first
performs semantic decomposition to parse object categories
and their spatial relationships, and organizes them into a
structured scene graph G = (V, E). In this graph, each node
v; € V is an instantiated object that encapsulates semantic
categories and materials properties, while an edge ¢; ; € &/
represents the spatial relationships between the i-th and j-
th objects (e.g., “in front of’). Then, the agent retrieves a
suitable mesh asset from our curated library [9] for each
node v;, and optimizes their poses to satisfy the relational
constraints defined in E.

Lighting Setup. After constructing the scene geometry
58°° based on the scene graph, the agent parses the orig-
inal text description for lighting cues (e.g., “warm mood”
and “overcast sky”) and selects an appropriate HDR envi-
ronment map from the Poly Haven library [1] to configure
a physically plausible illumination setup /™ that matches
the described mood. When there is no suitable environment



map, the agent generates one using pretrained generation
models [41].

Camera Planning. Given the static scene graph G, the cam-
era planner generates a dynamic camera trajectory ¢ for
F frames. It first parses cinematographic hints from the text
description (e.g., “orbit”, “dolly zoom”, and “crane shot”)
to establish a camera motion plan. This defines a set of
keyframe poses to specify the camera’s position and orien-
tation. A temporally smooth trajectory ¢ is then generated
by interpolating these keyframes using a spline.

Proxy Rendering. Finally, the agent assembles reasoned
assets [s™, ['"f, ¢i"f] as the final scene representation. This
representation is then fed into renderer to render the 2D
scene proxy y as Eq. (1), enabling physically consistent
scene authoring for lighting-grounded video generation.

4.2. Lighting-grounded Video Generation

To translate the scene proxy into videos with physically re-
alistic lighting, our LiVER model leverages the generative
priors of a pretrained video model. We additionally intro-
duce a proxy encoder to capture lighting cues and an adapter
to align proxy tokens with the video latent space.

Video Generation Backbone. We build our video genera-
tion model upon Wan2.2-5B [39] to leverage its priors for
realistic video generation. We use a spatiotemporal Varia-
tional Autoencoder (VAE) to map high-dimensional videos
x into a compact latent space as z = £(x). During training,
we follow the flow matching formulation [26] to sample a
Gaussian noise € ~ AN(0,I). This noise is then linearly
interpolated with the latent code z; = tz + (1 — t)e for a
random timestep ¢ € [0, 1]. The model is trained to predict

the ground truth velocity vector v, = % =z—e€
2
L=E, “ue(zt,y, ) — vt| ] , 2)

where 3 is the scene proxy, ¢*' is the text embedding of the

caption, and uy is our LiVER model.

Scene Proxy Encoding. As the scene proxy is organized
into a stack of 2D render passes y € REXIXHXW e
can simply employ a lightweight 2D proxy encoder Eproxy
to map it into a compact feature representation. Archi-
tecturally, the proxy encoder is implemented by multiple
2D convolutional blocks, each containing a convolution, a
GroupNorm [46] layer, and a SiLU [10] non-linearity. The
network progressively downsamples the spatial dimensions
while mapping the input to higher-dimensional features
2 = Eproxy (y) for each frame, where z¥ € REXCXH xW'
H' W' = H/16,W/16 are the downsampled resolution,
and C is the dimensions of the features. This design
minimizes computational overhead while capturing lighting
cues and providing the information about the scene.

Video Latent Integration. To ensure the video latent
code semantically aligns with the scene proxy, we design
a lightweight conditioning encoder to inject the encoded
scene proxy features z¥ directly into the video latent space.
Specifically, we first stack the multiple RGB rendered im-
ages along the channel dimension to form a 9-channel in-
put. Instead of using complex 3D convolutions, we employ
a 2D convolutional network with a sequence of downsam-
pling blocks to extract spatial features 29 € RFXCxH' xW'
This explicitly aligns the spatial resolution and channel di-
mensions of the proxy features with the VAE latent code
z € ROXH'XW" of the video, where C' = 4. To guide
the video generation direction, the encoder learns a spatial
residual that is directly superimposed onto the video latent
code. These encoded proxy features z¥ are used to modu-
late the original video latents z:

Z=z+a- 2, (3)

where 2V is the output of the 2D conditioning encoder, and
« is a learnable scalar weight initialized to zero. This strat-
egy ensures the conditioning encoder has no initial impact
on video generation at the start of training, allowing the
proxy features to gradually guide the video latent space and
ultimately enable lighting-grounded precise control.

4.3. Stage-wise Training Scheme

To effectively learn the conditioning pathway while pre-
serving the video backbone’s generative priors, we adopt
a three-stage training scheme to optimize for proxy transla-
tion, lighting control, and lighting diversity.

Conditional Pathway Training. We first freeze the entire
video diffusion backbone and train only the proxy encoder
and adapter modules for 10 epochs. This initial stage aims
to translate the scene proxy into coarse control signals over
the generation process.

Joint LoRA Fine-tuning. We unfreeze LoRA [16] lay-
ers integrated into the video backbone, and jointly fine-tune
these layers along with the proxy encoder and adapter for
another 10 epochs. This stage refines the semantic align-
ment, effectively balancing proxy controllability and over-
all visual quality.

Lighting Diversity Expansion. We continue the joint
LoRA fine-tuning while mixing real videos with our syn-
thetic data in a 1 : 1 ratio. This final stage adapts the model
to more general scenarios and enhances its ability to render
diverse lighting phenomena.

5. Experiments

5.1. Implementation Details

Our model is built upon the Wan 2.2-5B-TI2V check-
point [39], inheriting its robust generative priors. We use



LoRA [16] to reduce computational costs and prevent catas-
trophic forgetting of the base model’s capabilities.

Training is conducted on our curated dataset for approx-
imately 100K steps. We use 8 NVIDIA H100 GPUs with
a per-GPU batch size of 2, resulting in a total batch size of
16. We employ the AdamW optimizer [29] with a constant
learning rate of 1 x 10~°. The model generates videos at a
resolution of 704 x 1280. Further details on the network ar-
chitecture and training hyperparameters are provided in the
supplementary material.

5.2. Baselines

We conduct a comprehensive quantitative and qualitative
comparison against several state-of-the-art methods capable
of generating video from 3D-aware conditions:

e CameraCtrl [13]: Controls video generation by condition-
ing on explicit camera pose sequences to enforce camera-
consistent motion.

* MotionCtrl [45]: Controls both camera and object mo-
tion by conditioning the diffusion model on camera poses
and sparse object trajectories through lightweight tempo-
ral and spatial motion modules.

¢ VideoFrom3D [21]: Generates 3D scene videos from
coarse geometry by producing anchor views with an im-
age diffusion model and interpolating them via a video
diffusion model.

For a fair comparison, all methods are evaluated on a held-

out test set derived from our dataset. Since CameraCtrl and

MotionCtrl only generate 16-frame clips, we compare ours

against these methods using the first 16 frames of our gener-

ated videos. For VideoFrom3D, comparisons follow our 81-

frame evaluation protocol, and thus both methods are eval-

uated using full 81 frames. Since VideoFrom3D requires

training a style-specific LoRA for each test sample (~ 40

minutes on an NVIDIA H100 GPU), we train and evaluate

VideoFrom3D on only 20 videos randomly selected from

our test set (i.e., 20 LoRAs). Consequently, the quantita-

tive results reported for VideoFrom3D are based on this 20-

sample subset.

5.3. Evaluation Metrics

We assess performance using a suite of standard metrics tar-
geting different aspects of video generation:

Quality & Realism. We use Fréchet Video Distance
(FVD) [38] to assess distributional similarity between gen-
erated and real videos, and per-frame Fréchet Inception
Distance (FID) [14] to evaluate image quality. For se-
mantic consistency with the text prompts, we report CLIP
image—text similarity computed with the pretrained CLIP
model [34].

Control Fidelity. To evaluate how faithfully the models
adhere to the input conditions, we measure:

* Camera Pose Error: We estimate the camera poses from
the generated videos using VGGT [43], align each pre-
dicted trajectory to the ground truth via a global Sim(3),
and report absolute trajectory error (ATE), mean per-step
translation error (RPEt) and mean per-step rotation er-
ror (RPEr). For readability, ATE and RPEt are scaled by
x 100, while RPEr is in degrees.

* Lighting Error: We use an existing lighting estima-
tor [7] to recover HDR environment maps from the gen-
erated video frames. We then compute the scale-invariant
mean squared error (SI-MSE) between the predicted and
ground-truth lighting. This metric provides both an over-
all lighting error and a lighting instability measure, de-
fined as the standard deviation of the SI-MSE over time.

* Layout Error: Frame-wise object masks are obtained via
a segmentation model [35], and compared to ground-truth
masks using mean Intersection-over-Union (mloU) to as-
sess how accurately the generated videos preserve scene
layout and object shapes.

5.4. Quantitative Comparison

We evaluate our approach against publicly available base-
line models on the test split of LiVER-Real, which is com-
posed of original videos sourced from the public dataset of
Ling et al. [25]. Table | summarizes the quantitative re-
sults. Our method attains the lowest FVD and FID scores
and the highest CLIP score, indicating improvements in
both video quality and overall realism. In addition, our
model achieves the highest control fidelity, exhibiting re-
duced camera pose and lighting errors. It also delivers the
highest mloU, demonstrating more accurate preservation of
object shapes and spatial structure throughout the sequence.

5.5. Qualitative Evaluation

We present a visual comparison of our method with the
baseline approaches in Fig. 4. As shown, our method
achieves more realistic lighting effects as well as more pre-
cise layout and camera control, resulting in outputs that
most closely match the reference video (Ref).

5.6. Ablation Study

Impact of Synthetic Data. To validate the importance of
our synthetic dataset, we trained a variant of our model ex-
clusively on real-world videos. As shown in Fig. 6 (first
column), this model produces wrong and mostly even illu-
mination, failing to reproduce correct lighting effects. This
result confirms that the diverse and dynamic illumination in
our LiVER-Syn data is crucial for enabling lighting control
and preventing the model from overfitting to the less varied
lighting patterns typical of real-world footage.

Importance of the Staged Training Scheme. We also
evaluated our multi-stage training strategy by training a



Table 1. Quantitative comparison with state-of-the-art methods. Our method consistently outperforms the baselines. TOnly compare first

16 frames.
Method FVD | FID | CLIP 1 ATE | RPEt | RPEr | LE| LI} mloU }
CameraCtrl [13] 48.03 98.29 28.75 2.15 1.39 1.68 0.06 0.03 0.68
MotionCtrl [45] 63.13 97.21 26.67 3.42 2.03 7.32 0.07 0.04 0.66
Ours' 32.45 42.32 29.62 1.30 0.81 1.16 0.05 0.02 0.86
VideoFrom3D [21] 36.94 157.89 24.51 17.55 3.85 3.12 0.05 0.03 0.74
Ours 32.56 129.56 30.97 2.48 0.71 0.50 0.04 0.02 0.87

Ours VD [21]MC [45]CC [13]

Ours VD [21]

Ref

=

Figure 4. Qualitative comparison with state-of-the-art controllable video generation models. In each block, each row corresponds to one

=

.
‘\

video, and frames are arranged from left to right in temporal order. The top row shows the results of each comparison method, followed by

ours, with the ground truth (GT) shown in the final row.

variant end-to-end on the full dataset from scratch. As vi-
sualized in Fig. 6 (second column), this joint training ap-
proach leads to nearly still output and a notable degrada-
tion in performance. The model’s ability to precisely fol-
low specified scene conditions is diminished. This sug-
gests simultaneously learning control signals while adapt-
ing a large-scale pretrained model presents a more challeng-
ing optimization problem. Our staged approach, which pro-
gressively introduces the conditioning, proves essential for
ensuring stable convergence and effectively integrating our
control module without corrupting the generative priors.

5.7. User Study

To further assess the perceptual quality and consistency of
our results, we conduct a user study involving 25 partici-
pants. Each participant is shown 20 sets of videos, where
each set contains results from four competing methods ap-
plied to the same underlying scene. For every set, partic-
ipants are asked to select, for each evaluation dimension,
the method they prefer the most: video quality (VQ), scene
control (SC), camera trajectory control (CC), and lighting
control (LC). We count, for each method and each dimen-



Glossy Rough Diffuse

Output

Figure 5. By manipulating the HDR environment map, our model produces continuous and physically consistent lighting variations. We
show the diffuse, glossy, and rough GGX components of the scene proxy (top three rows) and the corresponding synthesized outputs
(bottom). Lighting changes are reflected in shading and reflections while geometry and materials remain stable.
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Figure 6. Qualitative results of our ablation study.

Table 2. Percentage of samples in which each method is selected
as the most preferred solution.

Method vQ 1 sC+ cct LC
CameraCurl [13] 4.3% 4.1% 2.2% 6.0%
MotionCtrl [45] 3.6% 3.6% 1.6% 5.7%
VideoFrom3D [21] 8.7% 8.9% 24.1% 29.0%
Ours 83.4% $3.3% 721% 59.3%

sion, the percentage of samples in which it is chosen as the
preferred solution. As summarized in Table 2, our method
outperforms across all four dimensions.

5.8. Controllability

Lighting Control. Our method provides fine-grained con-
trol over illumination. Shown in Fig. 5, by manipulating the
HDR environment map, our model generates videos with
dynamic and continuous lighting changes, such as rotating
lighting. This is achieved while maintaining the consistency
of the scene’s geometry and material properties, showcasing
a good disentanglement of lighting from scene structure.

Layout and Camera Control. The use of an explicit 3D
scene proxy as conditioning ensures geometrically precise
control over both object layout and camera motion. As qual-
itatively and quantitatively validated in Fig. 4 and Tab. I,
our method exhibits superior performance in accurately
placing objects and following user-defined camera trajec-
tories compared to methods relying on 2D-based proxies.

Flexible Editing Workflow. A key design of our method
is to empower users with a flexible and intuitive workflow.
We introduce a renderer-based agent that automatically gen-
erates an initial 3D proxy, simplifying the creation of con-
ditioning signals. Crucially, this proxy is not a fixed input
but a fully editable starting point. Users can import it into
standard 3D software to perform traditional edits: they can
add, delete, or move geometry, refine the lighting condi-
tions, and design new camera trajectory. This hybrid ap-
proach uniquely combines automated scene setup with the
creative freedom of established CGI pipelines.

6. Conclusion

We present LiVER, a novel diffusion-based framework for
controllable video generation that jointly models layout,
lighting, and camera. Unlike prior work that focuses solely
on text prompts or global scene cues, LiVER offers ex-
plicit, fine-grained control over the spatiotemporal compo-
sition of generated content. Our approach bridges the gap
between generative quality and scene-level controllability,
paving the way for practical deployment in creative media,
virtual cinematography, and immersive content production.

Limitations. As our initial 3D reconstruction of the scene
geometry is coarse, the model relies on the text description
to synthesize fine-grained geometric and material details.
This makes the final output quality (e.g., geometric con-
sistency) sensitive to the user-provided prompts. We will
explore improving the agent’s scene interpretation through
more sophisticated prompt engineering in our future work
to mitigate this issue.
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A. Additional Results

Due to space limitations in the main paper, we present ad-
ditional experimental results in this section, including dy-
namic subject generation, image-to-video generation, and
video-to-video generation. These results further demon-
strate the controllability and robustness of our method.

A.1. Dynamic Subject Generation

Since most of our comparison methods [4, [6] are primar-
ily evaluated on static scenes, we present static scenes in
the main paper for fairness and direct comparison. How-
ever, our method is not limited to these scene types. Our
renderer-based agent can render dynamic subjects, therefore
enabling our model to generate dynamic scenes with physi-
cally realistic results. We present these cases in Fig. [A.

A.2. Image-to-Video Generation

Our LiVER model inherently supports image-to-video gen-
eration. After reconstructing 3D meshes from a single input
image, our renderer-based agent plans the camera trajectory
and lighting conditions according to a user-provided text
description, thereby constructing a lighting-grounded scene
proxy that guides the video synthesis process. We demon-
strate this capability in Fig. [B| showcasing the same scene
layout under two different camera trajectories and three user
prompts. The top three rows correspond to the first camera
trajectory, with each row reflecting a distinct user prompt;
the bottom three rows show results from an alternative cam-
era trajectory.

A.3. Video-to-Video Generation

Our LiVER model also supports video-to-video genera-
tion. We can fully extract the lighting-aware scene proxy
from the reference video, and synthesize the edited video
based on this proxy and user-provided text descriptions. We
present this application in Fig. [C| where the lighting, scene
layout, and camera trajectory are well preserved.

A.4. Failure Cases

We present failure cases in Fig. [D]to highlight potential ar-
eas for improvement. In the first row, our model correctly
renders the scene layout and follows the camera trajectory.
However, the car is incorrectly depicted as having two rear
ends and no discernible front. In the second row, our model
fails to correctly render the details of the table tennis set.
These issues can primarily be attributed to the semantic lim-
itations of the underlying video generation backbone. We
expect that further scaling up the model capacity would mit-
igate such errors.

B. Dataset Details

B.1. Dataset Sample Visualization

As illustrated in Sec. 3, we collect LiVERSet to facili-
tate model training and evaluation. We separately showcase
three randomly selected samples from the real-world subset
LiVER-Real and the synthetic subset LIVER-Syn in Fig.[E
to demonstrate the diversity and scope of our data.

B.2. Dataset Caption Annotation

We utilize Qwen2.5-VL-32B-Instruct [1] to generate cap-
tions from full video sequences. The model is prompted to
produce concise and semantically rich paragraphs detailing
scene content and object interactions. Notably, we explic-
itly exclude camera motion and lighting information to en-
sure the captions focus mainly on scene semantics, decou-
pling them from the proxy’s physical control signals. These
captions serve as text descriptions for the video backbone.
The specific prompt is detailed below:

Task: You are a video caption generator.

Produce one concise paragraph caption suitable
for a video-generation model (wan2.2).

Rules:

- You should NOT describe camera movements or

angles.
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Figure B. Additional qualitative results for image-to-video generation.
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Figure C. Additional qualitative results for video-to-video generation.



Figure D. Visualization of failure cases, primarily attributed to the video backbone’s semantic limitation.

— You should NOT include any lighting
information.

Constraints:

— Keep the caption concise and actionable for
a video generator (around 1 paragraph, up to
“100 words) .

- Output exactly one paragraph (no extra lines
) .

Generate caption:

C. Experiment Details

C.1. Baselines

In this section, we detail the configurations for all base-
line methods. To ensure a fair comparison, all models are
evaluated using the same prompts, scene specifications, and
ground-truth camera trajectories unless otherwise noted.

CameraCtrl [4] enables explicit 6-DoF camera pose con-
trol by accepting per-frame extrinsics as input. As the stan-
dard model is limited to generating 16-frame sequences, we
restrict our quantitative comparison to the first 16 frames of
the ground-truth trajectories to match its sequence length.

MotionCtrl [13] accepts 6-DoF camera extrinsics and con-
trols object motion via sparse trajectories. Similar to Cam-
eraCtrl, this method generates 16-frame videos. We adopt
the same evaluation protocol, comparing the model’s output
against the first 16 frames of our reference data.

VideoFrom3D [6] takes 3D geometry, a camera trajectory,
and a style image as input. Unlike the explicit per-frame
conditioning of the other baselines, it employs a two-stage
pipeline: first generating geometric anchor frames (start,
middle, and end) via an image diffusion model, followed by
frame interpolation using video diffusion. Following the of-
ficial implementation, we synthesize the sequence and uni-
formly sample 81 frames from the 92-frame output to match
our evaluation setting. Due to the significant computational
cost (~ 40 min on a H100 GPU) of training a style-specific
LoRA for every sample, we evaluate this method on a sub-
set of 20 scenes.

C.2. Evaluation Details

Due to the varying generation capabilities of the baselines,
we employ two evaluation protocols. For comparisons in-
volving CameraCtrl and MotionCtrl (limited to 16 frames),
we compute metrics on the first 16 frames of the gener-
ated and ground-truth sequences. For comparisons involv-
ing VideoFrom3D, we use the full 81-frame sequences on a
representative 20-video subset. During evaluation, we uti-
lize nine quantitative metrics to evaluate LiVER’s perfor-
mance across six aspects:

Frame Quality (FID). To measure the quality of each video
frame, we calculate Fréchet Inception Distance (FID) [3]]
with standard Inception-V3 features [10]. To ensure a fair
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Figure E. Dataset samples. Top: Samples from LiVER-Real capture real-world scenes with complex, naturally occurring illumination.
Bottom: Samples from LiVER-Syn provide physically based, controllable lighting variations.

comparison across methods with differing native resolu-
tions, we resize all frames to 299 x 299 pixels. These stan-
dardized frames are processed via pytorch-fid [9] to
compute scores on the test subsets.

Video Quality. We evaluate temporal coherence and video
realism using Fréchet Video Distance (FVD) [L1]]. Frames
are resized to a 256-pixel short side, center-cropped to 224 x
224, and normalized using Kinetics statistics. These inputs
are fed into a pretrained I3D network [2]] to extract features.
We report the Fréchet distance between the generated and
real video features.

Image-Text Similarity. We assess semantic alignment us-
ing OpenCLIP ViT-B/32 [[7]. For each video, we uniformly

subsample frames and compute the cosine similarity be-
tween their embeddings and the corresponding captions.
We report the CLIP Score by calculating the average simi-
larity across the dataset.

Trajectory Error. We evaluate camera control preci-
sion by estimating trajectories from generated videos us-
ing VGGT [12]]. The estimated trajectories are aligned to
the ground truth via Sim(3) Umeyama alignment on cam-
era centers. We report three error metrics: the root mean
squared Absolute Trajectory Error (ATE), the translational
Relative Pose Error (RPE;), and the rotational Relative Pose
Error (RPE,.).

Lighting Error. We measure illumination consistency via



a reverse-rendering approach. Using a lighting estima-
tor [3]], we derive HDR environment maps from the gen-
erated frames and compare them to the ground truth using
scale-invariant mean squared error. We report its mean as
the overall Lighting Error (LE) and the temporal standard
deviation to quantify Lighting Instability (LI).

Layout Accuracy. To quantify spatial alignment with the
input guidance, we employ a segmentation model [8] to
extract subject masks from the generated videos. We cal-
culate the mean Intersection-over-Union (mloU) between
these predicted masks and the ground-truth instance masks;
a higher mIoU indicates superior adherence to the specified
scene layout.

D. Organization of Supplementary Video

We provide a supplementary video to dynamically show-
case our generation results. The video is structured as
follows: (i) Scene proxy rendering. We visualize the
real-world video annotation pipeline to construct the scene
proxy. (ii) Representative video results. We demonstrate
the video generation results conditioned on the scene proxy,
and present the diverse application scenarios. (iii) Compar-
ison with baselines. We showcase comparisons with base-
line methods [4, (6, [13]], followed by ablation studies. (iv)
Failure cases. We finally include failure cases to show po-
tential areas for improvement.

References

[1] Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, Sibo Song, Kai Dang, Peng Wang, Shijie Wang, Jun
Tang, Humen Zhong, Yuanzhi Zhu, Mingkun Yang, Zhao-
hai Li, Jiangiang Wan, Pengfei Wang, Wei Ding, Zheren
Fu, Yiheng Xu, Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen
Cheng, Hang Zhang, Zhibo Yang, Haiyang Xu, and Jun-
yang Lin. Qwen2.5-VL technical report. arXiv preprint
arXiv:2502.13923, 2025.

[2] Joao Carreira and Andrew Zisserman. Quo vadis, ac-
tion recognition? a new model and the kinetics dataset.
In IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2017.

[3] Worameth Chinchuthakun, Pakkapon Phongthawee, Non-
taphat Sinsunthithet, Amit Raj, Varun Jampani, Pramook
Khungurn, and Supasorn Suwajanakorn. DiffusionLight-
Turbo: Accelerated light probes for free via single-pass
chrome ball inpainting. arXiv preprint arXiv:2507.01305,
2025.

[4] Hao He, Yinghao Xu, Yuwei Guo, Gordon Wetzstein, Bo
Dai, Hongsheng Li, and Ceyuan Yang. CameraCtrl: En-
abling camera control for video diffusion models. In Inter-
national Conference on Learning Representations, 2025.

[5] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a
two time-scale update rule converge to a local nash equilib-

(6]

(7]

(8]

(9]

(10]

(11]

(12]

(13]

rium. In Advances in Neural Information Processing Sys-
tems, 2017.

Geonung Kim, Janghyeok Han, and Sunghyun Cho. Vide-
oFrom3D: 3D scene video generation via complementary
image and video diffusion models. In ACM SIGGRAPH Asia
Conference Papers, 2025.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-
ing transferable visual models from natural language super-
vision. In International Conference on Machine Learning,
2021.

Nikhila Ravi, Valentin Gabeur, Yuan-Ting Hu, Ronghang
Hu, Chaitanya Ryali, Tengyu Ma, Haitham Khedr, Roman
Rédle, Chloe Rolland, Laura Gustafson, et al. SAM 2:
Segment anything in images and videos. arXiv preprint
arXiv:2408.00714, 2024.

Maximilian Seitzer. pytorch-fid: FID Score for PyTorch.
https://github.com/mseitzer/pytorch-fid,
2020. Version 0.3.0.

Christian Szegedy, Vincent Vanhoucke, Sergey loffe, Jon
Shlens, and Zbigniew Wojna. Rethinking the inception ar-
chitecture for computer vision. In IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2016.

Thomas Unterthiner, Sjoerd Van Steenkiste, Karol Kurach,
Raphael Marinier, Marcin Michalski, and Sylvain Gelly. To-
wards accurate generative models of video: A new metric &
challenges. arXiv preprint arXiv:1812.01717, 2018.
Jianyuan Wang, Minghao Chen, Nikita Karaev, Andrea
Vedaldi, Christian Rupprecht, and David Novotny. VGGT:
Visual geometry grounded transformer. In /EEE/CVF Con-
ference on Computer Vision and Pattern Recognition, 2025.
Zhouxia Wang, Ziyang Yuan, Xintao Wang, Yaowei Li,
Tianshui Chen, Menghan Xia, Ping Luo, and Ying Shan.
MotionCtrl: A unified and flexible motion controller for
video generation. In ACM SIGGRAPH Conference Papers,
2024.


https://github.com/mseitzer/pytorch-fid

	Introduction
	Related Work
	Text-to-Video Generation
	3D-grounded Video Generation
	Image and Video Relighting

	Dataset
	Methodology
	Renderer-based Agent Reasoning
	Lighting-grounded Video Generation
	Stage-wise Training Scheme

	Experiments
	Implementation Details
	Baselines
	Evaluation Metrics
	Quantitative Comparison
	Qualitative Evaluation
	Ablation Study
	User Study
	Controllability

	Conclusion

